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Multi-compartmental modelsDiffusion kurtosis imaging (DKI) is a diffusion-weighted techniquewhich overcomes limitations of the commonly
used diffusion tensor imaging approach. This techniquemodels non-Gaussian behaviour of water diffusion by the
diffusion kurtosis tensor (KT), which can be used to provide indices of tissue heterogeneity and a better
characterisation of the spatial architecture of tissue microstructure. In this study, the geometry of the KT is
elucidated using synthetic data generated from multi-compartmental models, where diffusion heterogeneity
between intra- and extra-cellular media is taken into account, as well as the sensitivity of the results to each
model parameter and to synthetic noise. Furthermore, based on the assumption that the maxima of the KT are
distributed perpendicularly to the direction of well-aligned ﬁbres, a novel algorithm for estimating ﬁbre direction
directly from the KT is proposed and compared to the ﬁbre directions extracted from DKI-based orientation
distribution function (ODF) estimates previously proposed in the literature. Synthetic data results showed that,
for ﬁbres crossing at high intersection angles, direction estimates extracted directly from the KT have smaller
errors than the DKI-based ODF estimation approaches (DKI-ODF). Nevertheless, the proposed method showed
smaller angular resolution and lower stability to changes of the simulation parameters. On real data, tractography
performed on these KT ﬁbre estimates suggests a higher sensitivity than the DKI-based ODF in resolving lateral
corpus callosum ﬁbres reaching the pre-central cortex when diffusion acquisition is performed with ﬁve
b-values. Using faster acquisition schemes, KT-based tractography did not show improved performance over
theDKI-ODF procedures. Nevertheless, it is shown that direct KTﬁbre estimates aremore adequate for computing
a generalised version of radial kurtosis maps.
© 2015 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).Introduction
Diffusion-weighted imaging (DWI) is amagnetic resonance imaging
(MRI) modality which can measure the diffusion of water molecules in
the brain in vivo. DWImeasures diffusion overmicrometre length scales,
and thus it is sensitive to microstructural information that is not
resolved by conventional MRI structural images.vity; AK, axial kurtosis;D(m), dif-
KI, diffusion kurtosis imaging;
tion function; DT, diffusion ten-
imaging;FA, fractionalanisotro-
lar volume fraction; fp, ﬁbre
diffusivity;ODF, orientationdis-
ROI, regionof interest;KT,diffu-
(R. Neto Henriques),
s@fc.ul.pt (R.G. Nunes),
. This is an open access article underDiffusion tensor imaging (DTI), one of the most widely used DWI
techniques, models diffusion using a second-order tensor known as
diffusion tensor (DT),which is geometrically represented by an ellipsoid
(Basser et al., 1994). The DT can be used to extract some rotation invari-
ant parameters, such as mean diffusivity (MD), axial diffusivity (AD),
radial diffusivity (RD) and fractional anisotropy (FA), which can be
used as biological markers for microstructural changes in the brain
(Pierpaoli and Basser, 1996). Moreover, assuming the simple model
that diffusion is larger along directions less limited by barriers (e.g.,
myelin sheath), the main direction of white matter ﬁbres can be
approximated by the principal axis of the diffusion ellipsoid (Basser,
1995). Based on this assumption, DTI can be used to tract white matter
pathways (tractography) allowing for a non-invasive visualisation of
white matter connections (Fillard et al., 2011).
Although DTI has been shown to be useful in detecting changes re-
lated to maturation or degeneration processes of brain microstructure
(e.g., Sundgren et al., 2004), this technique has two major limitations.
First, it assumes that water diffusion is Gaussian, while experimentalthe CC BY license (http://creativecommons.org/licenses/by/4.0/).
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ise diffusion in biological tissues (Assaf and Cohen, 1998; Niendorf
et al., 1996). Second, the DT can only provide accurate directional in-
formation for single ﬁbre populations, and thus it fails to characterise
the orientation of ﬁbres in regions of crossing or fanning (Weigell
et al., 2000).
Several approaches have been proposed to overcome the limita-
tions of DTI. For example, non-Gaussian diffusion can be taken into
account by directly applying biological models to the diffusion-
weighted signals (e.g., Assaf et al., 2004, 2008; Zhang et al., 2012).
Nevertheless, they have a limited scope for clinical applications due
to signiﬁcantly longer scanning times and their dependence on spe-
ciﬁc biological models. More robust estimation of ﬁbre directions can
be obtained using diffusion spectrum imaging (DSI) at the expense,
however, of requiring even longer scanning times (Wedeen et al.,
2008). Accurate ﬁbre direction estimates from much less diffusion-
weighted data are possible using q-ball imaging techniques (Tuch,
2004), yet these were developed speciﬁcally for single shell acquisi-
tions which are not compatible with the acquisitions required for
non-Gaussian diffusion techniques.
Diffusion kurtosis imaging (DKI) is a simple extension of the DTI
model which allows the estimation of the diffusion kurtosis tensor
(KT) in addition to the DT using relatively fast acquisition schemes
(Jensen et al., 2005; Lu et al., 2006). The KT quantiﬁes the non-
Gaussian behaviour of water diffusion and can be interpreted as
a measure of tissue microstructural heterogeneity (Jensen and
Helpern, 2010). Similarly to the DT, rotation invariant metrics can
be extracted from the KT, such as mean kurtosis (MK), axial kurtosis
(AK) and radial kurtosis (RK) (Hui et al., 2008). Moreover, by com-
bining the information from both the DT and KT, DKI has recently
been shown to be useful in providing estimates of biophysical
parameters, such as ﬁbre density and intra- and extra-cellular diffu-
sivities (Fieremans et al., 2011). All these metrics have shown prom-
ising results in many human brain studies, revealing additional
clinical information relative to the standard DT-based measures
(e.g., Falangola et al., 2008; Fieremans et al., 2013; Gonga et al.,
2013; Helpern et al., 2011; Hui et al., 2012; Wang et al., 2011;
Yoshida et al., 2013). Nevertheless, these metrics are still limited
for not taking into account the complex white matter architecture
of crossing or fanning ﬁbres.
Being a fourth-order tensor, the KT offers a better characterisa-
tion of the spatial arrangement of tissue microstructure. Particularly,
in a preliminary DKI study, Lu et al. (2006) showed that KT geometry
shows maxima perpendicular to the direction of well-aligned ﬁbres,
and it has been shown to be sensitive to orthogonal crossing ﬁbres.
Although lacking a direct relationship between the KT's geometry
and the direction of crossing ﬁbres, Lazar et al. (2008) proposed a
mathematical estimation of the orientation distribution function
(ODF) from DKI which was able to predict the direction of two
or three ﬁbres crossing at different intersection angles. Recently,
this approach was extended by Jensen et al. (2014) showing im-
provements on the estimation of ﬁbre directions for DKI-based
tractography procedures.
In this study, KT geometry is elucidated on synthetic data pro-
duced from multi-compartmental models able to simulate ﬁbres
crossing at different intersection angles. In particular, the relation-
ship of KT maxima and the ground truth direction of ﬁbres crossing
at different intersection angles is established. A novel algorithm to
estimate ﬁbre directions mainly based on KT geometry is also pro-
posed. KT geometry and the performance of the newly proposed pro-
cedure are compared to the geometry and ﬁbre estimates from DTI
and the DKI-based ODF (DKI-ODF) introduced by Jensen et al.
(2014), so that the relevance of the ﬁndings in improving the current
DKI state-of-the-art can be fully assessed. For a realistic biological
representation, simulations take into account the diffusion heterogene-
ity between intra- and extra-cellularmedia. Moreover, the sensitivity ofthe results to each model parameter and to synthetic MRI noise is
assessed. Finally, the impact of the ﬁndings in the development of
tractography algorithms and robust biological markers is addressed on
real MRI data. Particularly, the ﬁbre direction estimates from the KT
and DKI-ODF are used to resolve crossing ﬁbres on brain tractography
approaches and to compute generalised versions of RKmaps for regions
of interest with crossing ﬁbres.
Methods and materials
In this section, the DKI model is reviewed, introducing equations
and parameters relevant to our study. Then, strategies to estimate
ﬁbre direction are described: directly from the KT and from the
DKI-ODF approximation as proposed by Jensen et al. (2014). Finally,
details of the multi-compartmental simulations and speciﬁcations of
in vivo imaging parameters and tractography processing protocols are
presented.
Diffusion kurtosis imaging model
TheDKImodel relates thediffusion-weighted signal, S, to the applied
diffusion weighting, b, the signal in the absence of diffusion gradient
sensitisation, S0, and the values of diffusion, D, and diffusion kurtosis,
K, along the spatial direction n:
S n; bð Þ ¼ S0 exp −bD nð Þ þ
1
6
b2D nð Þ2K nð Þ
 
ð1Þ
D(n) and K(n) can be computed from the KT and DT using the following
equations:
D nð Þ ¼
X3
i¼1
X3
j¼1
nin jDi j ð2Þ
and
K nð Þ ¼ MD
2
D nð Þ
X3
i¼1
X3
j¼1
X3
k¼1
X3
l¼1
nin jnknlWijkl; ð3Þ
where Dij and Wijkl are the elements of the second-order DT and the
fourth-order KT tensors, respectively, andMD is themean diffusivity.
Estimating ﬁbre direction from the KT
Fibre direction can be directly obtained from the KT by ﬁrst deﬁning
the average perpendicular kurtosis along the spatial direction n, which
we designate as pK:
pK nð Þ ¼ 1
2π
Z
dΩuK nð Þδ n  uð Þ; ð4Þ
where δ is the Dirac delta function and K is the directional kurtosis
described by Eq. (3). Assuming that themaxima of theKT are distributed
around directions perpendicular to the ﬁbres (Lu et al., 2006; Wu and
Cheung, 2010), ﬁbre direction estimates can be directly obtained by
ﬁnding the maxima values of pK using a two-step procedure. First,
an initial estimation of the local maxima is obtained from values of pK
sampled from a ﬁnite number of spatial directions n (125 uniformly
distributed directions over a sphere with radius one are computed using
a charge repulsion algorithm, Jones et al., 1999). Second, the locations of
the pKmaxima are reﬁned using a quasi-Newton convergence algorithm
(Lagarias et al., 1998). In this study, the latter step is performed until an
angular precision lower than 0.1° is reached.
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Fibre estimates fromDKI-ODF are obtained byﬁnding themaxima of
the following expression using a quasi-newton algorithm as proposed
by Jensen et al. (2014):
ODF n!
 
¼ ODFg n!
 
× 1þ 1
24
X4
i; j;k;l¼1
Wijkl 3UijUkl−6 α þ 1ð ÞUij Vkl þ α þ 1ð Þ α þ 3ð ÞVij Vkl
h i8<
:
9=
;;
ð5Þ
where ODFg is the Gaussian ODF contribution, α is the radial weighting
power, Uij are the elements of the dimensionless tensor U deﬁned by
U=MD × DT−1 and Vij is deﬁned as
Vi j ¼
U  n!ð Þi U  n!ð Þ j
n! U  n!T
: ð6Þ
The parameterα is set to 4 in agreementwith the results reported by
Jensen et al. (2014). The same 125 uniformly distributed direction sam-
ples are used for the initial condition of the quasi-newton convergence
algorithm, which is performed until reaching an angular precision of
0.1°.
Noise-free simulations
Assuming that white matter within a voxel can be represented by N
impermeable compartments in which diffusion can be characterised by
a Gaussian distribution, the DT and the elementsWijkl of the KT can be
computed using the expressions (Jensen and Helpern, 2010; Lazar
et al., 2008)
DT ¼
XN
m¼1
f mð ÞD mð Þ ð7Þ
and
Wijkl ¼
1
D2
XN
m¼1
f mð Þ D mð Þi j D
mð Þ
kl þ D
mð Þ
ik D
mð Þ
jl þ D
mð Þ
il D
mð Þ
jkl
h i
−DijDkl−DikDjl−DilDjl
 !
;
ð8Þ
where D(m) and f (m) are the diffusion tensor and volume fraction for
each compartment m.
Previous DKI studies have applied similar multi-compartmental
simulations in particular to evaluate the DKI-ODF approximations
(Jensen et al., 2014; Lazar et al., 2008). However, these neglected the
non-Gaussianity introduced by tissue heterogeneity along directions
perpendicular to the ﬁbres. In the current study, this heterogeneity is
incorporated by separately modelling intra- and extra-cellular media
for each simulated ﬁbre. Thus, two or three crossingﬁbres are simulated
using four or six compartments, respectively, with unique values ofD(m)
and f (m) depending on the medium and ﬁbre direction represented.Table 1
Values of the axial diffusivity (AD), radial diffusivity (RD) and volume fraction used for the multi
while the fourth and ﬁfth columns show the modiﬁed values to test the sensitivity of the results
Parameter Intra-cellular compartments
(initial values)
Extra-cellular compartmen
(initial values)
AD (×10-3 mm2 s−1) 0.99 2.26
RD (×10−3 mm2 s−1) 0 0.87
Volume fraction 0.49 0.51Following this, the D(m) for each individual compartment is
constructed by
D mð Þ ¼ v!1 v!2 v!3
 
:
AD 0 0
0 RD 0
0 0 RD
2
4
3
5: v!1 v!2 v!3 T ; ð9Þ
where v!1 is a column vector representing the ﬁbre direction
ground truth, while v!2 and v!3 are two vectors with arbitrary direc-
tions perpendicular to v!1. The values of AD and RD for the intra-
and extra-cellular compartments were based on the estimates
reported by Fieremans et al. (2011) and summarized in Table 1.
The volume fraction f (m) for each individual compartment is com-
puted using the following equations for compartments representing
intra- or extra-cellular media, respectively:
f mð Þ ¼ f ia: f p ð10Þ
and
f mð Þ ¼ 1− f iað Þ: f p; ð11Þ
where fia is the intra-cellular volume fraction (from Table 1 fia is set to
0.49) and fp is the volume fraction of the ﬁbre population relative to
all other ﬁbre populations (in this study, fp is set to 1/2 for two crossing
ﬁbres and 1/3 for three crossing ﬁbres, corresponding to ﬁbre popula-
tions with equal weight).
To study the relationship between the directions of two crossing
ﬁbres andDT, KT and DKI-ODF geometries, simulationswere performed
using different conﬁgurations: while one synthetic ﬁbre was always
kept on the x-axis, the second ﬁbre was placed on the x–z plane with
a varying intersection angle. For three crossing ﬁbres simulations, the
third ﬁbre was always placed perpendicularly to the other ﬁbres, i.e.,
always kept aligned to the z-axis. DT, KT and DKI-ODF ﬁbre estimates
were also obtained from these simulations to evaluate their perfor-
mance in terms of angular resolution and angular directional errors.
Angular resolution was deﬁned as the smallest crossing ﬁbre intersec-
tion angle for which an estimation procedure correctly indicates the ex-
istence of two ﬁbre directions. Since intersection angles were uniformly
sampled between 1° and 90° with a step of 1°, angular resolution was
computed with a precision of 1°. To compute angular directional errors
for crossing ﬁbres, the two ﬁbre direction estimates with larger ampli-
tudes were ﬁrst paired to the ﬁbre ground truth directions by minimiz-
ing their angular differences. Errors were then computed from each
matched pair of ground truth and estimated directions. In this study,
angular errors were reported from only one ﬁbre (arbitrarily, the ﬁrst
ground truth ﬁbre was selected). This was not consistent to previous
studies (e.g., Yeh and Tseng, 2013), which reported instead the average
between the pairs of matched ground truth and estimated directions.
However, the proposed procedure was preferred so that errors are not
under represented.Moreover, similar resultswould have been observed
if the second ﬁbre had been selected instead.-compartmental models. The second and third columns represent the model's initial values,
to each model parameter.
ts Intra-cellular compartments
(variants tested)
Extra-cellular compartments
(variants tested)
0.50 0.75 1.50 1.90
1.25 1.50 2.70 3.00
0.05 0.10 0.50 0.70
0.15 0.20 1.06 1.25
0.30 0.40 –
0.60 0.70
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lations and changing each parameter of the multi-compartmental
model one at a time. The variant values tested are reported on the fourth
and ﬁfth columns of Table 1, which were selected according to the
ranges reported by Fieremans et al. (2011) for fia, intra- and extra-
cellular AD and extra-cellular RD. In their work, Fieremans et al. (2011)
postulated that brain axonal radii are small enough to assume an intra-
cellular RD equal to zero. However, other studies had measured intra-
cellular RD values for in vivo data in regions with large axons (e.g., in
the spinal cord and peripheral nerves) up to 0.3 × 10−3 mm2 s−1
(Nilsson et al., 2013; van Gelderen et al., 1994). To account for possible
larger axons on the human brain, in particular on the body of the corpus
callosum (Aboitiz et al., 1992), the intra-cellular RD was allowed to vary
up to 0.2 × 10−3 mm2 s−1.
Adding noise to simulations
Noise was incorporated in simulations after computing the noise-
free versions of the DT and KT using the methodology described in the
previous section (Noise free simulations). Based on the noise-free
tensors, diffusion-weighted signals S(n,b) were computed using the
DKI model described by Eqs. (1)–(3), where S0 was set to an arbitrary
value of 150, while n and bwere set to the diffusion gradient directions
and b-values of our real data acquisition schemes (described in Human
brain data section). Assuming that noise in the diffusion-weighted data
is typically well described by a Rician distribution (Jones and Basser,
2004), noisy diffusion-weighted signals R(n,b) were computed for
each instance of S(n,b) using the following equation:
R n; bð Þ ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
S n; bð Þﬃﬃﬃ
2
p þ gr
	 
2
þ S n; bð Þﬃﬃﬃ
2
p þ gi
	 
2s
; ð12Þ
where gr and gi are independent randomvariables described by aGauss-
ian distribution with null mean and standard deviation σ. To simulate a
typical SNR value of 15 on the signal with no diffusion gradient sensiti-
zation (Jones and Basser, 2004), σ was set to 10 (SNR = S0/σ). This σ
value was used on all diffusion-weighted signals. The noise corrupted
versions of the DT and KT were then estimated from the values of
R(n,b) using a conventional linear least squares DKI ﬁt (Tabesh et al.,
2011). Simulations were repeated 1000 times for each crossing ﬁbre
modelled with a different intersection angle.
Human brain data
All MRI experiments were performed on a 3 T Siemens Trio scanner
at the MRC Cognition and Brain Science Unit, Cambridge UK, using a
32-channel head coil. Two different diffusion-weighted sequences
were tested in this study. First, six healthy young adults (4 males)
aged between 25 and 32 were recruited. Diffusion-weighted images
covering thewhole brain (66 axial images, slice thickness of 2mmwith-
out gap) were recorded using a twice refocused spin echo (TRSE) echo-
planar imaging sequence (Reese et al., 2002) along 30 equality spaced
directions each repeated for 5 b-values (500, 1000, 1500, 2000 and
2500 s·mm−2). Before the acquisition of the diffusion-weighted images
corresponding to a new b-value, ﬁve sets of images with no diffusion
sensitisation were also obtained (b-value = 0 s·mm−2), making
a total of 175 brain volumes acquired for each subject which
corresponded to an acquisition time of 29min and 10 s. This large num-
ber of diffusion-weighted volumes was acquired to ensure high accura-
cy in the DKI ﬁtting process, so that features of the 3D geometries of the
KT and DKI-ODF could be analysed with minimized inﬂuence of real
data noise artefacts. Other acquisition parameters were as follows:
TR = 9600 ms, TE = 111 ms, matrix = 96 × 96, ﬁeld of view
(FOV) = 192 × 192 mm2, partial Fourier of 7/8, and acceleration factor
of 2 using GRAPPA with 36 reference lines. Second, a fast DKI protocolwas implemented to study the robustness of the results using data
more suitable for clinical applications. This was based on previously
optimised DKI acquisition schemes (Fukunaga et al., 2013; Tabesh
et al., 2011) and consisted of 30 equality spaced directions repeated
for 2 b-values (b-values 1000 and 2000 s·mm−2) and two volumes of
b-value = 0 s·mm−2, with a total acquisition time of 10 min and 2 s,
TR = 9100 ms and TE = 104 ms. All other acquisition parameters
remained the same. For a better assessment of the robustness of the
KT and DKI-ODF ﬁbre estimates, the fast DKI protocol was acquired
twice per volunteer on two separate visits. Five healthy volunteers
(4 males) aged between 30 and 34 were recruited for this part of
the study. In addition, for all eleven participants, a high resolution
3D T1-weighted MPRAGE was acquired with the following imaging
parameters: TR = 2250 ms, TE = 2.98 ms, matrix = 256 × 256,
FOV = 256 × 256 mm2, and slice thickness = 1 mm.
Estimation of the DT and KT for all real diffusion-weighted data sets
was performed based on previously optimised DKI procedures (Neto
Henriques et al., 2012a, 2012b): ﬁrst, non-brain tissues were removed
from all diffusion-weighted volumes using the brain extraction proce-
dures available with FSL software library version 4.1.8 (http://fsl.fmrib.
ox.ac.uk/fsl/fslwiki/, Smith, 2002); second, to reduce the impact of MRI
noise, diffusion-weighted volumeswere smoothedwith a Gaussian ker-
nel with full width halfmaximumof 2.5mm; third, DT and KT estimates
were obtained by ﬁtting the diffusion-weighted data to the DKI model
(Eqs. (1)–(3)) using an unconstrained linear least squares ﬁtting
approach (Tabesh et al., 2011); ﬁnally, standard MD and FA maps
were obtained as described by Pierpaoli and Basser (1996). Fibre direc-
tion estimateswere then obtained fromKT and DKI-ODF as described in
Estimating ﬁbre direction from the KT and Estimating ﬁbre direction
from DKI-ODF sections. In vivo visual inspection of the 3D geometrical
shape of DT, KT and DKI-ODF and respective ﬁbre direction estimates
was carried out using an in-house developed software toolbox
(named UDKI for united DKI), which displays geometries and corre-
sponding ﬁbre estimates for manually selected voxels or regions of
interest (ROIs). Using colour coded FA maps, voxels were selected
where ﬁbres are known to be well aligned or crossing.
Tractography was performed using an adapted version of a DTI
streamline brute force algorithm (Huang et al., 2004), allowing the
reconstruction of tracts from multiple ﬁbre directions estimated per
voxel. Tract reconstructions were initialised in the middle of all brain
voxels for all ﬁbre direction estimates and propagated through voxels
following the ﬁbre directions with smaller angular deviation; tracking
was terminated when a voxel with fractional anisotropy lower than
0.05 was reached or where the angular deviation exceeded 45°. The
low selected FA threshold was selected to ensure that tracts are recon-
structed through regions of crossing ﬁbres and reach cortical regions
of the brain.
Crossing tracts from the different tractography versions were ﬁrst
visually inspected. For this, reconstructed tract pathways passing through
corpus callosum and internal capsulewere selected from thewhole-brain
tractography using ROIs, which were automatically processed based on
the JHU DTI-based white-matter atlases (Mori et al., 2008). Non-linear
transformation available on FSL was used to transform these ROIs from
an FA template to each subject's individual FA (Andersson et al., 2010).
For a better visualisation, only the pathways reaching the pre-central
left or right gyrus were selected. The latter ROIs were based on the
Desikan–Killiany atlas (Desikan et al., 2006) and automatically obtained
performingparcellation of the T1-weightedvolumesusing Freesurfer ver-
sion 5.3 (http://surfer.nmr.mgh.harvard.edu/). After removing non-brain
voxels from the T1-weighted volumes, a linear rigid body transformation
using the mutual-information cost function was employed to align each
individual T1-weighted volume to a b-value = 0 s·mm−2 volume
acquired in the middle of the diffusion-weighted acquisition (Jenkinson
and Smith, 2001; Jenkinson et al., 2002). This transformation matrix
was then applied to the two cortical ROIs to transform them into the
diffusion-weighted space.
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going through each ROI (corpus callosum, right and left internal cap-
sule) were produced by counting the number of tracts passing through
each voxel. The volume of each probability map was then calculated. To
remove the impact of false positive pathways, only voxels with at least
10 tracts were taken into account. All analyses done on the 5 b-value
data sets were repeated on DT and KT reconstructed from only two of
the b-values 1000 and 2000 s·mm−2 and two b-value=0 s·mm−2 vol-
umes tomimic the fast DKI protocol. This was done so that the effects of
reducing the number of diffusion shells could be assessed in the same
subjects. The reproducibility of each probability map was quantiﬁed
taking the proportion of voxels on the second acquisition performed
with the fast protocol relative to the corresponding maps obtained
with the ﬁrst fast protocol data. For this, the space ‘halfway’ between
two b-value = 0 s·mm−2 volumes, each acquired on a different day,
was computed using FSL's package SIENA (Smith et al., 2002), and ‘half-
way’ transformation matrices were used to transform the two tract
probability maps to a common space.
Three versions ofwhole brain RKmaps and tractography reconstruc-
tions were then calculated from the DT, KT and DKI-ODF ﬁbre estimates
obtained from the 5 b-value protocol, the fast protocol and for only the
b-values 1000 and 2000 s·mm−2 of the 5 b-value protocol. RK based on
the larger DT principal axis was computed as proposed by Jensen and
Helpern (2010), while RK for both KT and DKI-ODF were computed as
the average of pK values for each voxelﬁbre direction estimates,weight-
ed by the amplitude of each ﬁbre direction. Visual inspection of artefacts
was carried out for all different RK versions. The robustness of each RK
maps version was then quantitatively compared by computing the
signal to standard deviation ratio (SSR) in seven different white matter
ROIs where ﬁbres are expected to be mostly well aligned (corpus
callosum splenium, body and genu, left and right anterior and posterior
internal capsule), in addition to four white matter ROIs where ﬁbres are
known to be crossing (left and right superior corona radiata and left and
right frontal white matter where voxels of the precentral white matter
were included). These ROIs were automatically deﬁned from the EVE
atlas available from the MRI studio software package (http://www.Fig. 1. Geometrical representation of DT (top row), KT (middle row) and DKI-ODF (bottom
simulations. Fibre ground truth directions are represented in black solid lines while its estima
DKI-ODF maxima (bottom row) are plotted as blue dashed lines. Each graphical representatio
colour-coded with a blue to red gradient according to each geometry's minima and maxima, rmri-resource.kennedykrieger.org/software) and transformed to each
individual space using the same transformation steps as for the JHU
DTI-based atlas. Finally, for each ROI, the coefﬁcient of variation was
computed from the two RK estimates obtained from the two repetitions
of DKI fast protocols.
Results
Simulations
Graphical representations of the DT (top row), KT (middle row) and
DKI-ODF (bottom row) obtained from multi-compartmental simula-
tions are shown in Fig. 1 ordered, from left to right, according to ﬁbre
intersection angle. In all cases, the ground truth for ﬁbre directions
are indicated by black lines, while the predicted orientations for each
geometry are shown in blue dashed lines.
The ﬁgure shows that the DT's largest principal axis matches the
ﬁbre directions when both simulated populations are aligned (panel
A); however, as the intersection angle between ﬁbre populations
increases, DT is not able to distinguish between two crossing ﬁbres
(panels B–E) and the largest principal axis (when deﬁned) matches
the direction between both ﬁbres (panels B–D). The maxima of the KT
are distributed perpendicularly to the true direction of well-aligned
population of ﬁbres (panel F). The KT does not reveal information of
crossing ﬁbres for an intersection angle of 30° (panel G). In this case,
maxima are found perpendicularly to the direction between the ground
truth ﬁbre directions. With an increase in intersection angle, the KT's
sensitivity to crossing ﬁbres increases by showing more evident maxi-
ma around perpendicular directions to each individual ﬁbre population
(panels H–J), and its direction estimates approaches the ground truth
directions for angles larger than 60° (panel I) reaching a complete
matchwhen ﬁbres are crossing at 90° (panel J). DKI-ODF revealed a sin-
glemaximum forwell-aligned ﬁbre populations (panel K) and for ﬁbres
crossing at 30° (panel L). For intersection angles of 45° and 60°, DKI-ODF
is able to resolve crossing ﬁbres (panels M and N); however, predicted
directions deviate from the ground truth directions with an angularrow) as a function of the intersection angle obtained from the multi-compartmental
tes from the larger DT principal axis (top row), from pKmaxima (middle row) and from
n was computed by sampling the DT and KT values on a 3D grid of 3600 directions and
espectively.
90 R. Neto Henriques et al. / NeuroImage 111 (2015) 85–99error around 5°. A match between DKI-ODF maxima and ground truth
ﬁbre directions is observed for an intersection angle of 90°.
Further examples of DT, KT andDKI-ODF geometries are available on
Fig. 2, panels A–C, which provide a 3D view of crossing ﬁbres
intersecting at 70°. The 3D view of panel B allows a better insight of
the KT shape. In particular, diffusion kurtosis maxima around each
ﬁbre direction forms six lobes—four smaller lobes aligned to the virtual
plane parallel to both crossing ﬁbres (lobes 1–4) and two larger lobes
perpendicular to both true ﬁbre directions (lobes 5–6). Fig. 2 panels
D–F show the 3D geometries of DT, KT and DKI-ODF obtained from
the multi-compartmental model when intra-cellular RD was changed
to 0.20 × 10−3 mm2 s−1. In this situation, a dramatic decrease on the
amplitudes of the KT lobes 5 and 6 is observed (panel E), and the
novel procedure for estimating ﬁbre direction directly from KT errone-
ously suggests a third ﬁbre crossing perpendicularly to the real ﬁbres.Fig. 2. 3D view ofDT, KT andDKI-ODF geometries obtained from threemulti-compartmental sim
using the multi-compartmental model simulation initial values (particularly when intra-cellul
were obtained with intra-cellular RD of 0.20 × 10−3 mm2s−1. These simulations were generat
G, H, and I a third perpendicular ﬁbre is added to the multi-compartmental models using the
form six distinct lobes (Panels B, E and H). Fibre ground truth directions are plotted in black soli
lines. A false-positive ﬁbre estimate is observed from KT direct estimates for the second simu
appearing to match a direction of lowest diffusivity.Projecting the false positive direction to the DT (grey line in panel D),
this seems to match a direction of lowest directional diffusivity. Results
for three ﬁbre crossing are shown in panels G, H and I. In this case,
KT lobes 5 and 6 display similar amplitudes to lobes 1–4 (panel H).
Directional diffusion along this direction no longer corresponds to lower
diffusional values (panel G). For the DKI-ODF geometry, the number of
lobes always matches the actual number of ﬁbres (panels C, F and I).
Estimated intersection angles between two ﬁbres direction esti-
mates obtained directly from KT and from DKI-ODF as a function of
the ground truth intersection angle are shown in Fig. 3A. When only
one ﬁbre was detected, the crossing angle was set to zero, and thus,
angular resolution from different procedures can be assessed from this
panel by looking for the smallest ground truth crossing angle with
non-zero intersection angle estimate. The identity line is also displayed
on the panel so that deviations from perfect angular precision can moreulations. Panels A, B and C correspond to theﬁrst simulationwhere tensorswere obtained
ar RD is set to zero), while panels D, E and F illustrate a second simulation where tensors
ed considering two ground truth ﬁbres crossing at an intersection angle of 70°. On panels
ir initial value conditions. For all simulations, KT maxima around ﬁbre directions seem to
d lines while DT, KT, andDKI-ODF corresponding ﬁbre estimates are plotted in blue dashed
lation (panel E). This false-positive direction is also indicated by the grey line on panel D
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Fig. 3. Estimated crossing angle obtained fromKT andDKI-ODF as a function of its ground truth value (panel A), and angular error ofﬁbre estimates obtained fromDT, KT and DKI-ODF as a
function of the true crossing angle. Black line on panel A corresponds to the identity line, which is plotted so that deviations from perfect angular precision can more easily be evaluated.
The curve for DT ﬁbre estimates is not shown in this panel since this method is not able to resolve crossing ﬁbres.
91R. Neto Henriques et al. / NeuroImage 111 (2015) 85–99easily be evaluated. This panel shows angular resolutions between ﬁbre
estimates of 44° for KT and 35° for DKI-ODF. Angular errors of DT, KT
and DKI-ODF ﬁbre estimates as function of the intersection angle
ground truth are shown in panel B of Fig. 3. DT directional errors
increase linearly and tend to a maximum of 45° for intersection angles
near 90°. Angular errors for both KT and DKI-ODF follow this linear
trend till reaching their respective angular resolution values. After this,
angular error decreases reaching 0° for ﬁbres crossing at 90°. Panel B
shows that KT has smaller angular errors forﬁbres crossing at intersection
angles larger than 55°.
KT andDKI-ODF crossing angle estimates for all the variants analysed
considering two biological parameters of the multi-compartmental
models are shown on the top panels of Fig. 4: panels A andB for different
values of ﬁbre density and panels C and D for different values of intra-
cellular RD (the sensitivity to the other biological parameters is illustrat-
ed in Supplementary Fig. 1). Curves related to the KT ﬁbre direction
estimates show a larger sensitivity to biological parameters than DKI-30o 60o 90o
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Fig. 4. Crossing angle measured by KT (panels A and C) and DKI-ODF (panels B and D) ﬁbre es
and F) and intra-cellular RD (right panels C, D, G and H) variant values analysed. Curves related
variants are represented by the coloured lines according to the varied parameter value as rep
performance (i.e., identity line), while on the bottom panels, blue dashed lines represent the e
did not show any dependence on the model's parameters).ODF. In particular, the KT revealed different underestimation proﬁles
across different parameter values and even overestimations for the low-
est ﬁbre density values analysed (fie = 0.3, panel A) and for the higher
values of intra-cellular RD (iRD N 0.1 mm2 s−1, panel C), while DKI-
ODF displays a similar proﬁle of crossing angle underestimation (panels
B and D). However, for ﬁbres crossing at high intersection angle (N80°),
KT resulted in smaller angular errors than those obtained with DKI-ODF
for all the ﬁbre density variant values tested (panels E vs F) and for all
the intra-cellular RD values tested (panels G vs H). This was also ob-
served for the other parameters of the multi-compartmental model
(Supplementary Fig. 1), with the exception of the larger extra-cellular
RD value tested, where KT ﬁbre directional errors were always larger
than the ones for DKI-ODF. Regarding KT false positive ﬁbre estimates,
these were observed for the smaller ﬁbre density (0.3), the smaller
extra-cellular RD (0.5 × 10−3 mm2 s−1) and higher intra-cellular RD
(0.15 × 10−3 mm2 s−1 and 0.20 × 10−3 mm2 s−1) for intersection
angles higher than 76°, 81°, 76° and64° respectively. These false positive30o 60o 90o
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timates and respective angular errors (panels E–H) for all ﬁbre density (left panels A, B, E
to the model's initial values are marked as a black curve in each panel, while the model's
orted on the panels' captions. On the top panels, blue dashed lines represent the optimal
rrors in ﬁbre estimates obtained from the larger DT principal axis (note that these errors
92 R. Neto Henriques et al. / NeuroImage 111 (2015) 85–99values were successfully removed by excluding direction estimates
with directional diffusion lower than 80% of the diffusion tensor MD
(this diffusion threshold was applied for the remainder of the results
presented here).
Fig. 5 shows the crossing angle measurements and angular errors
for simulations where artiﬁcial Rician noise and the inﬂuence of the
two DKI protocols used on this study are taken into account. For the
5 b-value protocol and assuming the initial values of the multi-
compartmental simulations reported on Table 1, both the KT (panels
A and E) and ODF-DKI (panels B and F) ﬁbre estimates are stable. How-
ever, when noise was added to the multi-compartmental models with
the larger intra-cellular RD value analysed (panels C, D, G and H), the30o 60o 90o
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Fig. 5. Crossing angle estimates (panels A–D and I–L) and angular error (panels E–H andM–P)
the two DKI acquisition protocol tested on this study. The results for the 5 b-value protocol a
estimates, while panels B, F, D and H were obtained from the DKI-ODF estimates. For the pane
to the initial conditions of Table 1. For the panels on the right (C, D, G and H), intra-cellular RD
shown in the lower rows, where panels I, J, K and O correspond to the KT estimates and pane
simulations median, while orange curves correspond to the 25% and 75% percentiles and the g
curves were used for a better visualisation of the ﬁbre direction results for different methods, wstrategy to estimate ﬁbre direction from KT shows a poor performance
for ﬁbres crossing at low intersection angles (b40°). In particular, for
9.7% of the crossing ﬁbre simulations with ground truth intersection
angles lower than 15°, two erroneous ﬁbre estimates were produced
inducing large amplitudes on the 95% percentile curve of the measure-
ments of crossing angle observed in panel C, and large angular errors
observed in panel G. Two erroneous ﬁbre estimateswere also generated
from DKI-ODF but in a smaller proportion (4.4% of ﬁbres with intersec-
tion angle b 3°). For the fast 2 b-value DKI protocol, erroneous ﬁbre es-
timates were generated with both KT (panels I and M) and ODF-DKI
(panels J and N) estimates also for themulti-compartmental initial con-
dition when populations of ﬁbres are almost well aligned (intersection30o 60o 90o
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as function of the ground truth crossing angle on simulations corrupted by Rician noise for
re shown in the upper row, where panels A, E, C and G were obtained from KT direction
ls on the left (A, B, E and F), the parameters of the multi-compartmental models were set
was changed to 0.2 × 10−3 mm2s−1. The analogous panels for the fast DKI protocol are
ls J, N, L and P to the DKI-ODF estimates. On each panel, black curves correspond to the
reen/red curves correspond to the 10% and 90% percentiles (different colours on the latter
here green was used for KT and red for DKI-ODF).
93R. Neto Henriques et al. / NeuroImage 111 (2015) 85–99angles b 2°). For other intersection angles, changes on the performance
of were observed regarding the angular resolution of themethods. Nev-
ertheless, this was not observed for all multi-compartment values test-
ed on this study. For example, KT (panels K and O) and DKI-ODF (panels
L and P) estimates seem to be very sensitive to noise when the fast pro-
tocol was applied on the multi-compartmental simulations with larger
intra-cellular RD values.
Human brain data
Examples of DT, KT andDKI-ODF geometries extracted from four real
brain voxels are shown in Fig. 6. For the upper panels, voxels were
selected from corpus callosum (panel A) and internal capsule (panel E),
regions where ﬁbres are known to be well aligned. In these cases, DT
(panels B and F) and DKI-ODF (panels D and H) revealed a single direc-
tional maximum, while KT maxima are arranged perpendicularly to
these directions (panels C and G). In a voxel where ascending ﬁbres are
crossing with the corpus callosum (panel I) and pontocerebellar ﬁbres
(panel M), DT shows nearly spherical shapes (panels F and N), while
KT (panels K and O) and DKI-ODF (panels L and P) reveal two crossingFig. 6. Geometries of DT (panels B, F, J and N), KT (panels C, G, K and O) and DKI-ODF (panels D
from four regions of interest deﬁned on the FA map (panel A, E, I and M), which is colour-cod
correspond to right-left, inferior–superior and posterior–anterior, respectively). Top panels sh
ﬁbres (panels B, C and D) and ascending ﬁbres (F, G and H), while the bottom panels display th
(panels J, K and L) and pontocerebellar ﬁbres (panels N, O, and P). Blue dashed lines on each pﬁbre proﬁles. For the two latter voxels, KT crossing proﬁles (panels K
and O) form six lobes—four lobes aligned with the plane of crossing ﬁ-
bres, presenting similar amplitudes, and two perpendicular lobes with
larger amplitudes.
Real data tractography of corpus callosumand internal capsuleﬁbres
reaching the pre-central ROIs obtained from the 5 b-value data sets are
shown in the upper panels of Fig. 7. In contrast to tractography based on
DT (panel A), KT and DKI-ODF procedures are able to resolve crossings
between callosal ﬁbres and the internal capsule ﬁbres (panels B and
C). Moreover, differences between these approaches are observed. In
particular, KT-based tractography appears to resolve a larger number
of lateral callosal pathways, while DKI-ODF-based tractography shows
a larger sensitivity to tracking ﬁbres passing through the internal
capsule and reaching a broader area of the pre-central gyrus. When
only 2 b-values and two b-value = 0 volumes were used to compute
the different ﬁbre direction estimates, a smaller number of streamlines
were produced for DT- (panel D) and KT-based (panel E) tractography.
For the case of the DKI-ODF (panel E), the decrease of ﬁbre streamlines
was less evident. The volume of the corpus callosum and the ascending
ﬁbre probability maps for all subjects are shown on panels G and H., H, L and P) extracted from real data of a representative subject. Geometries are extracted
ed according to the direction of the larger principal DT eigenvector (red, blue and green
ow the geometries extracted from voxels corresponding to well-aligned corpus callosum
e geometries for voxels where ascending ﬁbres are known to cross with corpus callosum
anel represent the ﬁbre direction estimates obtained from each geometry.
Fig. 7. In vivo tractography of corpus callosum ﬁbres and ascending ﬁbres, including the corticospinal tracts. These were obtained from a representative subject and were reconstructed
based on the ﬁbre direction estimates obtained from DT (panel A), KT (panel B) and DKI-ODF (panel C) on the data acquired from the 5 b-value protocol. Tracts with horizontal mean
direction were plotted in red, while tract with vertical mean direction in blue. DT, KT and DKI-ODF tractography maps for ﬁbre estimates obtained from only two b-value shells (1000
and 2000 s·mm−2), and two b-value=0 volumes are shown in panelsD, E and F, respectively. The number of corpus callosum (CC), left internal capsule (IC left) and right internal capsule
(IC right) probability maps for all subjects are reported on panels G and H, respectively, for the 5 and 2 b-value protocols. Blue, green and red bars on the latter panels correspond to the
average volumes reconstructed respectively from DT, KT and DKI-ODF.
94 R. Neto Henriques et al. / NeuroImage 111 (2015) 85–99Higher corpus callosumvolumeswere always observed for the KTwhen
the 5 b-value protocol was used (panel G); however, no volume differ-
ence between KT and DKI-ODF was observed when only two b-
values were used (panel H). A large decrease on the probability map vol-
umes was observed on the left internal capsules ﬁbres for the KT-based
tractography algorithm. Thehistogramproﬁles of panelHwere consistent
for the two repetitions of the fast DKI protocol (Supplementary Fig. 2).
The proportion of number of matching voxels between the probability
maps produced from the two repetitions of the DKI fast protocol are re-
ported in Table 2.
Fig. 8 shows theRKmaps obtained from thedifferentmethods. For the
5 b-value protocol, standard RK maps seem to be noisier (panel A) thanTable 2
Mean and mean standard error of the matching voxel proportion within subject tract
probability maps reconstructed from two repetitions of the fast DKI protocol acquired
on 5 subjects. Values are reported for 3 different ﬁbre estimate methods (DT, KT and
DKI-ODF) and 3 different ﬁbre types (corpus callosum CC, left and right internal capsule
ﬁbres ICl and ICr).
CC (%) ICl (%) ICr (%)
DT 50 ± 18 63 ± 4 64 ± 5
KT 64 ± 4 43 ± 7 69 ± 6
DKI-ODF 64 ± 10 69 ± 4 73 ± 5RK maps obtained from KT (panel B) and DKI-ODF (panel C) ﬁbre
estimates. For some white matter regions where FA values are relatively
high (panel D region marked by the red box), RK based on DT largest
principal axis and based on DKI-ODF maxima show lower values than
the values based on the KT's ﬁbre estimates. Similar observations were
made for the fast DKI protocol; however, in general, RK and FA maps
were noisier. In particular, a dramatic increase in RK underestimations
was observed for the DT-based maps. On the other hand, RK based on
KT's ﬁbre direction seems to be less affected by the decrease of the
number of b-value shells.
The three versions of RKmean values for elevenwhitematter voxels
computed from the 5 b-value protocol in addition to three standard DTI
invariantmeasures are reported in Fig. 9. In general, DT-based RK values
from ROIs, which may be associated to a higher percentage of aligned
ﬁbres, are smaller when compared to regions where crossing ﬁbres
are known to exist (panel A). These differences seem to decrease for
both KT and DKI-ODF-based RK maps (panels B and C). However, RK
increases were shown to be more accentuated for the KT estimates.
Moreover, RK mean standard error presents smaller amplitudes
for the KT estimates. For the fast protocol data, DT-based RK mean
values show lower mean values and higher mean standard error bars
(Supplementary Fig. 3). Nevertheless, similar observations can be made,
i.e., KT showed the higher values of RK and lower mean standard errors.
Both Fig. 9 and Supplementary Fig. 3 revealed that DTI standardmeasures
Fig. 8. Coronal viewof RKmaps computed for a representative subject. For the 5 b-value protocol, the conventional RKmap computed based on the principal axis of DT is shown in panel A,
while the novel RK maps computed from the ﬁbre direction estimates obtained from KT and DKI-ODF are shown in panels B and C. For comparison purposes, the FA map is shown in
panel D. The red box in each panel highlights a region where differences were found between methods. It contains regions where ﬁbres may be crossing and fanning. Panels E, F, G and K
show the DT, KT and DKI-ODF-based RK maps and FA when ﬁbre estimates were obtained from only two b-value shells (1000 s·mm−2 and 2000 s·mm−2) and two b-value = 0 volumes.
95R. Neto Henriques et al. / NeuroImage 111 (2015) 85–99were asymmetric between left and right brain hemispheres, which is
consistent with previous studies (e.g., Westerhausen et al., 2007).
Mean SSR values of the RK values for all eleven ROIs are reported in
Fig. 10. For the 5 b-value protocol, KT-based RK shows lower SSR values
for all white matter ROIs (panel A). Furthermore, when ﬁbre estimates
are computed only for two b-value shells (1000 s·mm−2 and
2000 s·mm−2) and two b-value= 0 volumes, KT was the only method
that presented the most similar SSR levels for all white matter ROIs
(panel B).
Table 3 shows the RK coefﬁcient of variation computed from the two
repetitions of the fast DKI protocol. For all ROIs, the coefﬁcients of
variation for KT- and DKI-ODF-based RK are smaller than for the DT.
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Fig. 9.Mean RK values computed from the DT (panel A), KT (panel B) and DKI-ODF (panel C) ﬁb
are shown for eleven different white matter ROIs: corpus callosum splenium (SCC); corpus ca
(AICl and AICr); left and right posterior internal capsule (PICl and PICr); left and right super
FWMr). For comparison purposes, the values of standard DTI invariant metrics are shown in
each panel correspond to the mean standard error.left frontal white matter, KT-based RK shows smaller coefﬁcient of
variation than the DKI-ODF-based RK.
Discussion
In this study, features of the 3D geometry of the KT were elucidated
for different white matter architectures. In contrast to the DT, which
only gives the mean ﬁbre orientation within a voxel (Fig. 1, panels A–E),
3D geometry of the KT is shown to provide information regarding the di-
rection of both well-aligned and crossing ﬁbre cases (Fig. 1, panels F–J).
For well-aligned ﬁbres, KT's maxima are oriented perpendicularly to
ﬁbre directions forming a characteristic disk shape. This is consistent
with real data observations as previously reported by Lu et al. (2006).ICl AICr SCRl SCRr FWMl FWMr SCC BCC GCC PICl PICr AICl AICr SCRl SCRr FWMl FWMr
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Fig. 10.Mean SSR values of the RK values computed from the DT, KT and DKI-ODF ﬁbre estimates obtained from the data sets acquired from the 5 b-value DKI protocol (panel A) and from
only two b-value shells (1000 and 2000 s·mm−2) and two b-value = 0 volumes (panel B). Results are shown for eleven different white matter ROIs: corpus callosum splenium (SCC);
corpus callosum body (BCC); corpus callosum genu (GCC), left and right anterior internal capsule (AICl and AICr); left and right posterior internal capsule (PICl and PICr); left and right
superior corona radiata (SCRl and SCRr); and left and right frontal white matter (FWMl and FWMr).
96 R. Neto Henriques et al. / NeuroImage 111 (2015) 85–99Although on our simulations KT maxima along directions perpendicular
to well-aligned ﬁbres are modelled considering only the heterogeneity
between single intra- and extra-cellular compartments, in reality the
presence of suchmaximamay be associated to a larger variety of diffusion
water pools formed by axonal membranes and myelin. For orthogonal
crossing ﬁbres, the KT geometry shown on panel J is also consistent
with the orthogonal crossing geometries reported by Lu et al. (2006). In
particular, KT maxima appear to be well aligned to directions perpendic-
ular to both ﬁbres.
Fig. 1, panels G–I expand previous KT geometry observations to
crossing angles other than 90°. In general, the position of KT's maxima
seems to be directly related to individual crossing ﬁbre directions. How-
ever, angular deviation between KTmaxima and directions perpendicu-
lar to the ﬁbres are observed (Fig. 1, panels H and J). These deviations
are likely to be a consequence of the increased complexity of diffusion
heterogeneity in the case of crossing ﬁbres. In particular, diffusion het-
erogeneity no longer depends only on the difference between intra-
and extra-cellular diffusion, but also on directional differences of ﬁbre
populations.
Fig. 1 also reveals that KT sensitivity to crossing ﬁbres is limited
regarding angular resolution. In particular, for ﬁbres intersecting at 30°
(panel C), the KT no longer shows maxima reﬂecting each individual
ﬁbre direction. Instead, maxima were aligned perpendicularly to the
direction between the two ﬁbres showing a disk shape similar to the
case of well-aligned ﬁbres. This limitation is not a speciﬁc feature of
KT—resolution limits are also seen for the DKI-ODF (Fig. 1, panel L),
which is consistent with the results reported by Jensen et al., 2014.
Furthermore, angular resolution and angular deviation errors are
known to be a characteristic of all other diffusion techniques used for re-
solving ﬁbre crossings (e.g., Catani et al., 2012; Lazar et al., 2008), which
suggests these pitfalls may be inherent to diffusion-weighted techniques.
In this study, themaxima of KT crossingﬁbre geometry are shown to
form six lobes (Fig. 2, panels B, E and H). For two crossing ﬁbres (panels
B and E), the four lobes aligned to the virtual plane deﬁned by the
ground truth direction of ﬁbres (lobes 1–4) are characteristic of ﬁbresTable 3
Coefﬁcient of variation percentages of RKmeasures obtained from DT, KT and DKI-ODF ﬁbre est
elevenwhitematter regions of interest: corpus callosum splenium (SCC); corpus callosumbody
left and right posterior internal capsule (PICl and PICr); left and right superior corona radiata (
SCC BCC GCC PICl PICr
DT 1.60 1.59 1.31 3.06 1.62
KT 1.40 1.02 0.09 0.26 1.33
DKI-ODF 1.53 1.31 0.27 1.05 1.43intersecting with angles larger than KT's angular resolution, whereas
the two lobes perpendicular to the true ﬁbre directions (lobes 5 and
6) are formed due to diffusional radial heterogeneity. The amplitude
of these lobes matches the value of the maxima of KT for well-aligned
ﬁbres with similar intra- and extra-cellular parameters and only
depends on the difference between intra- and extra-cellular RD and
the fraction between intra- and extra-cellular media. For example,
when intra-cellular RD is increased to 0.20 × 10−3 mm2s−1, the
decrease of the amplitude of lobes 5 and 6 is caused by the smaller
difference between intra- and extra-cellular RD (panel E). For three
crossing ﬁbres, lobes 5 and 6 no longer depend on RD parameters
alone but also on the diffusional heterogeneity introduced by the
orthogonal direction of the third ﬁbre (Fig. 2, panel H). Since this ﬁbre
was modelled with the same weight as the other ﬁbres, the amplitude
and shape of lobes 5 and 6 matches the other crossing characteristic
lobes 1–4. Interestingly, from our visual inspection of KT geometries of
real brain data (as presented on panels K and O of Fig. 6), only
geometries similar to Fig. 2, panels B and H were observed, i.e., we did
not identify geometries that presented two KT lobes which were much
smaller than four other lobes. This could indicate that real brain crossing
ﬁbres have intra-cellular RD much smaller than 0.20 × 10−3 mm2 s−1
which is consistentwith axonswith small diameters (Nilsson et al., 2013).
Fig. 3 quantiﬁes the angular resolution and angular errors of ﬁbre di-
rection estimates from KT and ODF-DKI. Panel A shows that KT has a
smaller angular resolution than DKI-ODF; however, panel B suggests
that KT provides less bias on ﬁbre direction estimates for crossing ﬁbres
intersecting at higher angles. If recent work on the architecture of real
brain ﬁbre pathways is conﬁrmed (Wedeen et al., 2012), suggesting
that ﬁbres crossing orthogonally represent the majority in the brain,
ﬁbre estimation procedures that accurately predict the direction of
crossing ﬁbres intersecting at high angles, as the case of KT's estimates,
would be preferable to procedures with higher angular resolutions.
Nevertheless, some considerations have to be taken into account
when estimating ﬁbre directions based on the KT's geometry. First, as
Fig. 4 suggests, this procedure appears to be more sensitive to multi-imates on two repetitions of the fast DKI protocol. Values are reported for the RK values of
(BCC); corpus callosumgenu (GCC), left and right anterior internal capsule (AICl andAICr);
SCRl and SCRr); and left and right frontal white matter (FWMl and FWMr).
AICl AICr SCRl SCRr FWMl FWMr
3.40 1.63 0.17 1.27 0.39 0.34
1.19 0.03 0.23 0.52 0.13 0.02
1.93 1.14 0.19 0.86 0.05 1.00
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brains, this could reﬂect a less stable performance of ﬁbre tracking
across different regions. Therefore, extracting ﬁbre directions from
DKI-ODF might be more adequate if one wants to ensure a more stable
performance across the whole brain. Second, as shown in Fig. 2 panels
D–F, ﬁbre estimates from KT seem to be more vulnerable to false posi-
tives. Although this latter problemcould be overcome in the simulations
by excluding ﬁbre direction estimates with low directional diffusion
values, the ﬁbre exclusion criteria applied to real data could potentially
remove true positive ﬁbre estimates, whichwould dramatically affect the
correct delineation of white matter pathways. Third, ﬁbre estimations
using KT were also shown to depend on different acquisition schemes
and on noise. Although simulations show that KT and DKI-ODF ﬁbres
are equally affected by noise when the initial conditions are used (left
panels of Fig. 5), KT is particularly affected by noise when the simulation
parameters are changed to the extremes reported by Fieremans et al.,
2011, as illustrated in the left panels of Fig. 5. In these cases, a larger sen-
sitivity to the amount of data used for DKI estimation was also observed.
In particular, KT ﬁbre estimates were shown to be unsuitable for intra-
cellular RD values larger than 0.2 × 10–3 mm2.s−1 when the fast DKI pro-
tocol was used (Fig. 5, panels K and O). Based on the visual exploration of
KT geometry of real data (Fig. 6), these extremes are unlikely to represent
the majority of brain white matter voxels; however, the latter concern is
relevant for applications that the simulations fail to represent, such as
tracking of large axons present in the spinal cord and peripheral nerves
(Nilsson et al., 2013; van Gelderen et al., 1994).
Interestingly, no differences on the angular resolution between the
two DKI protocols tested in this study were revealed, despite the maxi-
ma b-value used on the two protocols being different. This feature is not
consistent with other ﬁbre directions estimation techniques such as the
ones based on q-ball imaging (e.g., Tournier et al., 2013). However, one
most note that the estimation from both KT and DKI-ODF is not based
on a single b-value shell but on the non-Gaussian information provided
bymultiple b-values. Since the two protocols tested on this study repre-
sent two extremes of the maxima b-value generally used in DKI
(i.e., b-values=2000–2500 s·mm−2, Fukunaga et al., 2013), our results
suggest that the dependency between angular resolution and b-value is
not a signiﬁcant issue to consider when using DKI-based procedures.
The differences on KT and DKI-ODF behaviours observed from the
simulations revealed practical differences when considering real brain
tractography. In particular, for the 5 b-value protocol, KT ﬁbre estimates
(Fig. 7, panel B) are shown to be more sensitive in lateral corpus
callosum ﬁbres than DKI-ODF (Fig. 7, panel C). This approach does not
seem, however, to overcome the performance of DKI-ODF-based
tractography approach in resolving ascending pathways from both left
and right internal capsules. Instead, it produced a smaller number of
tracts concentrated mostly on the pre-central gyrus leg areas (Fig. 7,
panel B). These performance differences are likely to be a consequence
of how directional features differ between the corpus callosum and
ascending ﬁbres. Corpus callosum lateral ﬁbres seem to cross ascending
ﬁbres almost orthogonally and linearly which, as discussed previously,
is a favourable characteristic for an accurate KT-based tractography
performance. On the other hand, ascending ﬁbres covering a broader
area of the pre-central gyrus seem to follow more concave and convex
pathways, which, on the scale of the image resolution, should reﬂect
small fanning angles that are better resolved by the DKI-ODF
tractography approach. Moreover, internal capsule ﬁbres may be
associated to biological parameters less favourable for KT ﬁbre direction
estimation. In future work, we aim to perform similar comparisons in
other regions of interest.
Tractography performances were also shown to be dependent on
the DKI protocol used. As no dependences between the angular resolu-
tion and b-value were present, differences on the performance should
be associated to the differences on stability to MRI noise when different
amounts of data are used toﬁt theDKImodel. Particularly, when the fast
DKI protocol was used, KT sensitivity to resolve ﬁbre tracts is shown tobe reduced (Fig. 7, panel E). This reduction on ﬁbre sensitivity was not
clear for the DKI-ODF-based tractography; however, from a close visual
inspection, DKI-ODF produced a large amount of suspicious ﬁbre
pathways, such as streamlines connecting the premotor areas of an
hemisphere, passing through the corpus callosum and reaching the
opposite hemisphere's internal capsule (these suspicious pathways
correspond to the red streamlines present on the internal capsule of
panels C and F of Fig. 7 and panels C and F of Supplementary Fig. 2
and are associated to the increases on the ﬁbre probability maps
shown on Fig. 7, panel H relative to panel G). Consequently, the differ-
ences between KT and DKI-ODF sensitivity in resolving corpus callosum
ﬁbre previously observed for the 5 b-value protocol is no longer present.
Although the reduction of b-values affected the two DKI-based
tractography methods in a different way, the identical proportions of
matching voxels on the probability maps from the two repetitions of
the fast protocol suggested that both methods have a similar reproduc-
ibility in resolving corpus callosum ﬁbres. Interestingly, consistent
differences between KT and DKI-ODF proﬁles were still observed on
corpus callosum tractography (Supplementary Fig. 2), and since the
robustness of these techniques is shown to be similar, this ﬁnding
suggest that eachmethod can be sensitive to different aspects of corpus
callosum anatomy. Nevertheless, future work will be required to vali-
date these morphological differences with real brain anatomy. For
this, more robust and objective procedures for tractography validation
procedures not currently available in the literature still need to be
developed.
Similarly to what was predicted by the simulations, the effect of
noise in KT ﬁbre estimates on real data seems to dependon the diffusion
proprieties. This was clearly observed with systematic differences on
the left and right side of the internal capsule, which are known to
have different diffusion proprieties (Westerhausen et al., 2007). In
particular, the reduction of the sensitivity of the KT internal capsule
tractography was shown to be more accentuated on the left side,
where MD and RD values are lower than the right side (Fig. 9, panels
E and F). Moreover, smaller proportions of matching voxels between
repetitions of the fast DKI protocols show that KT robustness in resolv-
ing left internal capsule ﬁbres is lower than both DT and ODF-DKI
performances. This suggests that biological conditions within the left
internal capsule may correspond to the parameter region for which KT
ﬁbre estimates are less accurate, the extreme multi-compartmental
parameters, and thus KT-based tractography is not adequate to resolve
this type of ﬁbres on the fast DKI protocol.
Finally, the relevance of 3D geometry of the KT for the development
of novel metrics for quantifying tissue heterogeneity of brain tissue is
also shown in this work (Fig. 8). In particular, for both DKI protocols,
RK maps which take into account crossing ﬁbre estimates seem less
noisy than the standard RKmeasures-based on the largest DT's principal
axis. Evidently, the underestimations presented in the standard DT are a
direct cause of the large angular deviations of DT's direction estimates
relative to the directions of crossing ﬁbres, and thus underestimations
are inducing artifactual low RK values, especially for the ROIs containing
larger proportion of crossing ﬁbres as the left and right superior corona
radiate and left and right frontal white matter regions (Fig. 9, panel A
and Supplementary Fig. 3, panel A) Although to a smaller degree, RK un-
derestimations were also observed on the DKI-ODF-based maps, which
are a consequence of the small angular deviation observed between
ﬁbre direction estimates and the perpendicular direction of KT's maxi-
ma. By using KT ﬁbre estimates, the maxima of kurtosis related to the
radial directions of ﬁbres are taken into account even for cases where
MRI noise induces deviations between KT geometry maxima and the
true direction of ﬁbres. Interestingly, this feature provides not only
larger RK values relative to the DT and DKI-ODF estimates, in particular
for crossing ﬁbres ROIs (Fig. 9, panel B and Supplementary Fig. 3,
panel B), but also smaller values of SSR values maintained at a constant
level evenwhen a smaller number of b-values is used (Fig. 10). Further-
more, in general, KT-based RKvalues showsmaller coefﬁcient variations
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in comparison to other RK estimation approaches.
Apart from the improvement in RK maps, we expect that the KT
geometry exploration presented in this report should provide a foun-
dation for the development of other useful biomarkers. As a brief exam-
ple, in white matter regions of well-aligned ﬁbres or where two
crossing populations exist, KT's maxima lobes 5–6 have larger ampli-
tudes (likely to be the case for the observations in all brain voxels).
The kurtosis maxima could hence be used as a direct assessment of dif-
fusional radial heterogeneity. Although this work was mostly focused
on DKI's framework, exploring its potential to provide measurements
of non-Gaussian diffusion not limited to single ﬁbre populations, the
comparison of the KT geometries with other DWI techniques could be
useful to fully investigate the potential and general beneﬁts of the KT,
in particular for applications requiring relatively fast acquisition
schemes (Jensen et al., 2014). Future work should also expand the
interpretation of KT's geometry as a function of other factors not yet ad-
dressed in this study. Advances on simulations to explore KT geometry
were already achieved here relative to previous studies assessing the
accuracy of DKI-ODF approaches (Jensen et al., 2014; Lazar et al.,
2008). In particular, the radial heterogeneity of ﬁbres, which had previ-
ously not been taken into account, was shown to be a fundamental
characteristic to accurately reproduce the KT geometries observed in
real data. Nevertheless, future improvements to the simulations can
still be achieved by incorporating cell permeability and more complex
ﬁbre conﬁgurations taking into account the distribution of axonal
diameters or axonal angular dispersion.Conclusion
The 3D geometry of the KT was shown to present maxima arranged
along directions nearly perpendicular to the direction of ﬁbres. For single
ﬁbre populations, these maxima seem to form a disk shape, whereas for
two and three crossing ﬁbres, they present six characteristic lobes. The
information providedbyKTgeometry appears useful for tractography al-
gorithms that not only overcome the performance of commonly used
DTI approaches but also afford an advantageous featurewhen compared
to previous DKI tractography approaches. In particular, KT direction
estimates show smaller angular errors for ﬁbre crossing with high inter-
section angles,which according to recent studies could potentially repre-
sent the majority of brain regions. Nevertheless, present pitfalls of this
technique are also identiﬁed, such as a smaller angular resolution and
lower stability to different diffusion parameters and different DKI acqui-
sition protocols.When applied to real data acquired froma protocolwith
higher number of b-values, KT appears to be better at resolving lateral
corpus callosum ﬁbres, while DKI-ODFwas shown to be better at resolv-
ing ascending internal capsule ﬁbres reaching a broader area of the pre-
central gyrus. For DKI acquisition schemes more adequate for clinical
practice, KT and DKI-ODF provide consistent morphological differences,
but KT is no longer more sensitive than DKI-ODF and shows a poor
performance in resolving left internal capsule ascending ﬁbres. Finally,
the impact of our ﬁndings on the development of novel biomarkers
was demonstrated by expanding RK measures to crossing white matter
regions, with KT ﬁbre estimates shown to be the most suitable for both
DKI protocol tested.
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doi.org/10.1016/j.neuroimage.2015.02.004.Acknowledgments
RNH was funded by Fundação para a Ciência e Tecnologia FCT/MCE
(PIDDAC) under grants PTDC/SAU-ENB/120718/2010 and SFRH/BD/
89114/2012.
MRI scans were funded by the Medical Research Council (MRC).References
Aboitiz, F., Scheibel, A.B., Fisher, R.S., Zaidel, E., 1992. Fiber composition of the human
corpus callosum. Brain Res. 598, 143–153.
Andersson, J.L.R., Jenkinson, M., Smith, S., 2010. Non-linear registration, aka spatial
normalisation. FMRIB Technical Report TR07JA2 (http://www.fmrib.ox.ac.uk/
analysis/techrep/).
Assaf, Y., Cohen, Y., 1998. Non-mono-exponential attenuation of water and N-acetyl
aspartate signals due to diffusion in brain tissue. J. Magn. Reson. 131 (1), 69–85.
Assaf, Y., Freidlin, R.Z., Rohde, G.K., Basser, P.J., 2004. New modelling and experimental
framework to characterize hindered and restricted water diffusion in brain white
matter. Magn. Reson. Med. 52, 965–978.
Assaf, Y., Blumenfeld-Katzir, T., Yovel, Y., Basser, P.J., 2008. AxCaliber: a method for
measuring axon diameter distribution from diffusion MRI. Magn. Reson. Med. 59
(6), 1347–1354. http://dx.doi.org/10.1002/mrm.21577.
Basser, P.J., 1995. Inferring microstructural features and the physiological state of tissues
from diffusion-weighted images. NMR Biomed. 8 (7–8), 333–344.
Basser, P.J., Matiello, J., Le Bihan, D., 1994. MR diffusion tensor spectroscopy and imaging.
Biophys. J. 66 (1), 259–267.
Catani, M., Bodi, I., Dell'Acqua, F., 2012. Del comment on “The geometric structure of
the brain ﬁber pathways”. Science 337, 1605. http://dx.doi.org/10.1126/science.
1223425.
Desikan, R.S., Segonne, F., Fischl, B., Quinn, B.T., Dickerson, B.C., Blacker, D., Buckner, R.L.,
Dale, A.M., Maguire, R.P., Hyman, B.T., Albert, M.S., Killiany, R.J., 2006. An automated
labeling system for subdividing the human cerebral cortex on MRI scans into gyral
based regions of interest. NeuroImage 31, 968–980.
Falangola, M.F., Jensen, J.H., Babb, J.S., Hu, C., Castellanos, F.X., Di Martino, A., Ferris, S.H.,
Helpern, J.A., 2008. Age-related non-Gaussian diffusion patterns in the prefrontal
brain. J. Magn. Reson. Imaging 28 (6), 1345–1350. http://dx.doi.org/10.1002/jmri.
21604.
Fieremans, E., Jensen, J.H., Helpern, J.A., 2011. White matter characterization with
diffusion kurtosis imaging. NeuroImage 58, 177–188. http://dx.doi.org/10.1016/j.
neuroimage.2011.06.006.
Fieremans, E., Benitez, A., Jensen, J.H., Falangola, M.F., Tabesh, A., Deardorff, R.L.,
Spampinato, M.V., Babb, J.S., Novikov, D.S., Ferris, S.H., Helpern, J.A., 2013. Novel
white matter tract integrity metrics sensitive to Alzheimer disease progression.
AJNR Am. J. Neuroradiol. 34 (11), 2105–2112. http://dx.doi.org/10.3174/ajnr.
A3553.
Fillard, P., Descoteaux, M., Goh, A., Gouttard, S., Jeurissen, B., Malcolm, J., Ramirez-
Manzanares, A., Reisert, M., Sakaie, K., Tensaouti, F., Yo, T., Mangin, J.F., Poupon, C.,
2011. Quantitative evaluation of 10 tractography algorithms on a realistic diffusion
MR phantom. NeuroImage 56 (1), 220–234. http://dx.doi.org/10.1016/j.neuroimage.
2011.01.032.
Fukunaga, I., Hori, M., Masutani, Y., Hamasaki, N., Sato, S., Suzuki, Y., Kumagai, F.,
Kosuge, M., Hoshito, H., Kamagata, K., Shimoji, K., Nakanishi, A., Aoki, S., Senoo,
A., 2013. Effects of diffusional kurtosis imaging parameters on diffusion quanti-
ﬁcation. Radiol. Phys. Technol. 6, 343–348. http://dx.doi.org/10.1007/s12194-
013-0206-5.
Gonga, N.J., Wonga, C.S., Chanb, C.C., Leungc, L.M., Chud, Y.C., 2013. Correlations between
microstructural alterations and severity of cognitive deﬁciency in Alzheimer's disease
and mild cognitive impairment: a diffusional kurtosis imaging study. Magn. Reson.
Imaging 31 (5), 688–694. http://dx.doi.org/10.1016/j.mri.2012.10.027.
Helpern, J.A., Adisetiyo, V., Falangola, M.F., Hu, C., Di Martino, A., Williams, K., Castellanos,
F.X., Jensen, J.H., 2011. Preliminary evidence of altered gray and white matter
microstructural development in the frontal lobe of adolescents with attention-
deﬁcit hyperactivity disorder: a diffusional kurtosis imaging study. J. Magn. Reson.
Imaging 33 (1), 17–23. http://dx.doi.org/10.1002/jmri.22397.
Huang, H., Zhang, J., van Zijl, P.C., Mori, S., 2004. Analysis of noise effects on DTI-based
tractography using the brute-force and multi-ROI approach. Magn. Reson. Med. 52
(3), 559–565.
Hui, E.S., Cheung, M.M., Qi, L., Wu, E.X., 2008. Towards better MR characterization of
neural tissues using directional diffusion kurtosis analysis. NeuroImage 42,
122–133. http://dx.doi.org/10.1016/j.neuroimage.2008.04.237.
Hui, E.S., Fieremans, E., Jensen, J.H., Tabesh, A., Feng, W., Bonilha, L., Spampinato, M.V.,
Adams, R., Helpern, J.A., 2012. Stroke assessment with diffusional kurtosis imaging.
Stroke 43 (11), 2968–2973. http://dx.doi.org/10.1161/STROKEAHA.112.657742.
Jenkinson,M., Smith, S.M., 2001. A global optimisationmethod for robust afﬁne registration
of brain images. Med. Image Anal. 5 (2), 143–156.
Jenkinson, M., Bannister, P.R., Brady, J.M., Smith, S.M., 2002. Improved optimisation for the
robust and accurate linear registration and motion correction of brain images.
NeuroImage 17 (2), 825–841.
Jensen, J.H., Helpern, J.A., 2010. MRI quantiﬁcation of non-Gaussian water diffusion by
kurtosis analysis. NMR Biomed. 23 (7), 698–710. http://dx.doi.org/10.1002/nbm.
1518.
Jensen, J.H., Helpern, J.A., Ramani, A., Lu, H., Kaczynski, K., 2005. Diffusional kurtosis
imaging: the quantiﬁcation of non-Gaussian water diffusion by means of magnetic
resonance imaging. Magn. Reson. Med. 53, 1432–1440.
Jensen, J.H., Helpern, J.A., Tabesh, A., 2014. Leading non-Gaussian corrections for diffusion
orientation distribution function. NMR Biomed. 27, 202–211. http://dx.doi.org/10.
1002/nbm.3053.
Jones, D.K., Basser, P.J., 2004. “Squashing peanuts and smashing pumpkins”: how noise
distorts diffusion-weighted MR data. Magn. Reson. Med. 52 (5), 979–993. http://dx.
doi.org/10.1002/mrm.20283.
Jones, D.K., Horsﬁeld, M.A., Simmons, A., 1999. Optimal strategies for measuring diffusion
in anisotropic systems by magnetic resonance imaging. Magn. Reson. Med. 42,
515–525.
99R. Neto Henriques et al. / NeuroImage 111 (2015) 85–99Lagarias, J.C., Reeds, J.A., Wright, M.H., Wright, P.E., 1998. Convergence properties of the
Nelder–Mead simplex method in low dimensions. SIAM J. Optim. 9 (1), 112–147.
http://dx.doi.org/10.1137/S1052623496303470.
Lazar, M., Jensen, J.H., Xuan, L., Helpern, J.A., 2008. Estimation of the orientation distribu-
tion function from diffusional kurtosis imaging. Magn. Reson. Med. 60, 774–781.
http://dx.doi.org/10.1002/mrm.21725.
Lu, H., Jensen, J.H., Ramani, A., Helpern, J.A., 2006. Three-dimensional characterization of
non-Gaussian water diffusion in humans using diffusion kurtosis imaging. NMR
Biomed. 19 (2), 236–247.
Mori, S., Oishi, K., Jiang, H., Jiang, L., Li, X., Akhter, K., Hua, K., Faria, A.V., Mahmood, A.,
Woods, R., Toga, A.W., Pike, G.B., Neto, P.R., Evans, A., Zhang, J., Huang, H., Miller,
M.I., van Zijl, P., Mazziotta, J., 2008. Stereotaxic white matter atlas based on diffusion
tensor imaging in an ICBM template. NeuroImage 40 (1), 570–582. http://dx.doi.org/
10.1016/j.neuroimage.2007.12.035.
Neto Henriques, R., Correia, M., Cam-CAN, 2012a. Towards optimization of diffusion
kurtosis imaging to study brain changes with age. Poster Presentation at the 29th
Annual Meeting of the European Society for Magnetic Resonance in Medicine and
Biology, Lisbon.
Neto Henriques, R., Ferreira, H., Correia, M., 2012b. Diffusion kurtosis imaging of the
healthy human brain. Master Dissertation Bachelor andMaster Program in Biomedical
Engineering and Biophysics, Faculty of Sciences.
Niendorf, T., Dijkhuizen, R.M., Norris, D.G., van Lookeren Campagne, M., Nicolay, K., 1996.
Biexponential diffusion attenuation in various states of brain tissue: implications for
diffusion-weighted imaging. Magn. Reson. Med. 36 (6), 847–857.
Nilsson, M., van Westen, D., Ståhlberg, F., Sundgren, P.C., Lätt, J., 2013. The role of tissue
microstructure and water exchange in biophysical modeling of diffusion in white
matter. MAGMA 26 (4), 345–370. http://dx.doi.org/10.1007/s10334-013-0371-x.
Pierpaoli, C., Basser, P.J., 1996. Toward a quantitative assessment of diffusion anisotropy.
Magn. Reson. Med. 36 (6), 893–906. http://dx.doi.org/10.1016/j.cam.2007.10.012.
Reese, T.G., Heid, O., Weisskoff, R.M., Wedeen, V.J., 2002. Reduction of eddy-current-
induced distortion in diffusion MRI using a twice-refocused spin echo. Magn.
Reson. Med. 49, 177–182. http://dx.doi.org/10.1002/mrm.10308.
Smith, S.M., 2002. Fast robust automated brain extraction. Hum. Brain Mapp. 17 (3),
143–155.
Smith, S.M., Zhang, Y., Jenkinson, M., Chen, J., Matthews, P.M., Federico, A. De, Stefano, N.,
2002. Accurate, robust and automated longitudinal and cross-sectional brain change
analysis. NeuroImage 17 (1), 479–489.
Sundgren, P.C., Dong, Q., Gómez-Hassan, D., Mukherji, S.K., Maly, P., Welsh, R., 2004.
Diffusion tensor imaging of the brain: review of clinical applications. Neuroradiology
46 (5), 339–350. http://dx.doi.org/10.1007/s00234-003-1114-x.Tabesh, A., Jensen, J.H., Ardekani, B.A., Helpern, J.A., 2011. Estimation of tensors and
tensor-derived measures in diffusional kurtosis imaging. Magn. Reson. Med. 65 (3),
823–836. http://dx.doi.org/10.1002/mrm.22655.
Tournier, J.D., Calamante, F., Connelly, A., 2013. Determination of the appropriate b value
and number of gradient directions for high-angular-resolution diffusion-weighted
imaging. NMR Biomed. 26 (12), 1775–1786. http://dx.doi.org/10.1002/nbm.3017.
Tuch, D.S., 2004. Q-ball imaging. Magn. Reson. Med. 52 (6), 1358–1372.
van Gelderen, P., DesPres, D., van Zijl, P.C., Moonen, C.T., 1994. Evaluation of restricted
diffusion in cylinders. Phosphpcreatine in rabbit leg muscle. J. Magn. Reson. B 103,
255–260.
Wang, J.J., Lin, W.H., Lu, C.S., Weng, Y.H., Ng, S.H., Wang, C.H., Hsieh, R.H., Wan, Y.L., Wai,
Y.Y., 2011. Parkinson disease: diagnostic utility of diffusion kurtosis imaging.
Radiology 261 (1), 210–217. http://dx.doi.org/10.1148/radiol.11102277.
Wedeen, V.J., Wang, R.P., Schmahmann, J.D., Benner, T., Tseng,W.Y.I., Dai, G., Pandya, D.N.,
Hagmann, P., D'Arceuil, H., de Crespignya, A.J., 2008. Diffusion spectrum magnetic
resonance imaging (DSI) tractography of crossing ﬁbers. NeuroImage 41,
1267–1277. http://dx.doi.org/10.1016/j.neuroimage.2008.03.036.
Wedeen, V.J., Rosene, D.J., Wang, R., Dai, G., Mortazavi, F., Hagmann, P., Kaas, J.H., Tseng,
W.I., 2012. The geometric structure of the brain ﬁber pathways. Science 335
(6076), 1628–1638. http://dx.doi.org/10.1126/science.1215280.
Weigell, M.R., Larsson, H.B.W., Wedeen, V.J., 2000. Fiber crossing in human brain depicted
with diffusion tensor MR imaging. Radiology 217, 897–903.
Westerhausen, R., Huster, R.J., Kreuder, F., Wittling, W., Schweiger, E., 2007. Corticospinal
tract asymmetries at the level of the internal capsule: is there an association with
handedness? NeuroImage 15;37 (2), 379–386. http://dx.doi.org/10.1016/j.
neuroimage.2007.05.047.
Wu, E.X., Cheung, M.M., 2010. MR diffusion kurtosis imaging for neural tissue
characterization. NMR Biomed. 23 (7), 836–848. http://dx.doi.org/10.1002/
nbm.1506.
Yeh, F.C., Tseng, W.Y., 2013. Sparse solution of ﬁber orientation distribution function by
diffusion decomposition. PLoS One 8 (10), e75747. http://dx.doi.org/10.1371/
journal.pone.0075747.
Yoshida, M., Hori, M., Yokoyama, K., Fukunaga, I., Suzuki, M., Kamagata, K., Shimoji, K.,
Nakanishi, A., Hattori, N., Masutani, Y., Aoki, S., 2013. Diffusional kurtosis imaging
of normal-appearing white matter in multiple sclerosis: preliminary clinical
experience. Jpn. J. Radiol. 31 (1), 50–55. http://dx.doi.org/10.1007/s11604-012-
0147-7.
Zhang, H., Schneider, T., Wheeler-Kingshott, C.A., Alexander, D.C., 2012. NODDI: practical
in vivo neurite orientation dispersion and density imaging of the human brain.
NeuroImage 61 (4), 1000–1016. http://dx.doi.org/10.1016/j.neuroimage.2012.03.072.
